ABSTRACT
INTRODUCTION
Microarray-based expression profiling has become a routine procedure in biological/medical studies. There are an increasing number of publicly available databases that provide a wealth of under-analyzed data from a wide variety of sources and treatments. For example, the Genevestigator database (Zimmermann, et. al., 2004) includes data from nearly 2000 Arabidopsis microarrays, and public repositories like Gene Expression Omnibus and ArrayExpress (Parkinson, et .al., 2005) are growing rapidly. Therefore, meta-analysis for combining data from multiple microarray experiments appears to be a good and practical idea. However, direct comparison among heterogeneous datasets is not possible as a result of the complicated experimental variables embedded in microarray experiments (Choi, et. al., 2003; Irizarry, et. al., 2005) . Array datasets produced by two different laboratories using the same platforms have been shown to retain "lab effects" even after the normalization process (Vert, et. al., 2005) . Moreover, simultaneous normalization of heterogeneous datasets often violates the underlying assumptions of the very normalization method.
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While meta-analysis can be adapted to various types of microarray analysis, the comparison of gene expression levels under two experimental conditions is the most widely used application. Recently, several meta-analysis applications have appeared in the literature (Choi, et. al., 2003; Rhodes, et. al., 2004) . Most of these focused on combining results of individual studies rather than combining datasets into one analysis, thus they provide no overall estimates of the magnitude of differential expression. Moreover, those methods often involve sophisticated statistical models which lack biological intuition. Recently, we have contributed a RankProd package to the Bioconductor site, in which we presented a simple but powerful meta-analysis tool to detect differentially expressed genes by integrating multiple array datasets from various experimental platforms/settings across laboratories.
The RankProd package was developed from the rank product method which was initially proposed to detect differentially expressed genes in a single experiment (Breitling et al. 2004) . It is a non-parametric statistic derived from biological reasoning that detects items that are consistently highly ranked in a number of lists, for example genes that are consistently found among the most strongly unregulated (or down-regulated) genes in a number of replicate experiments. It offers several advantages over linear modeling, including the biologically intuitive of fold-change (FC) criterion, fewer assumptions under the model, and increased performance with noisy data and/or low numbers of replicates (Breitling and Herzyk, 2005) . Moreover, the new method implemented in RankProd offers a natural way to overcome the heterogeneity among multiple datasets and therefore to extract, compare and integrate information from them. Since it transforms the actual expression values into ranks, the algorithm can integrate datasets produced by a wide variety of platforms, such as Affymetrix oligonucleotide arrays, two-color cDNA arrays and other custommade arrays. It has the ability to handle variability among datasets and generates a single significance measurement for each gene. Therefore, it provides scientists a powerful tool to utilize the existing wealth data resources.
APPROACHES AND IMPLEMENTATION
The software RankProd is implemented in the statistical programming language R (http://www.r-project.org) as a package of the open-resource Bioconductor project (Gentleman et. al., 2004) . It accepts a pre-processed expression dataset in matrix format and provides functions to perform meta-analysis as well as the analysis of a single experiment.
Here we describe the meta-analysis algorithm implemented in RankProd using two datasets with different origins as the example. , where
Determine rank product for each gene as
Independently permute expression value within each single array relative to gene ID, repeat step (1)
Repeat step (4) times, form reference distribution with ( ), determine p-value and FDR associated with each gene
One-channel experiments include Affymetrix gene-chip and two-color cDNA arrays with reference design; direct two-color cDNA arrays are usually two-channel experiments. The algorithm results in the identification of putative up-regulated genes within the treatment group compared with the control group. It then swaps the two groups to identify genes with opposite expression changes. The function RPadvance is used to perform such analysis.
RP.out <-RPadvance(data,cl,origin,rand=123)
The function topGene outputs identified genes with associated statistics into two tables, up-regulated and down-regulated genes in class 1 compared with class 2 (for details see package vignette). The package also provides a visualization tool plotGene to check the expression values and statistical results for each individual gene based on a user query (Fig. 1). plotGene ("245265_at",RP.out,data,cl,origin) From figure 1, it is clear that the fold-changes are similar across the two datasets although the actual expression values are quite different. The statistics printed on the plot indicate that probeset "245265_at" is potentially up-regulated in class 2 compared with class 1 with an estimated p-value <0.001 and pfp(or FDR)=0.001. There are additional functions available in the RankProd package for performing the modified rank sum test (Breitling and Herzyk, 2005) . These are described in the package vignette. 
APPLICATION
RankProd has been used for detecting differentially expressed genes in various studies (Gurvich et al., 2005 , Vert et. al., 2005 , Wilson et. al., 2006 . Indeed, the theory behind the method is easily understood and the results have been shown to be more biologically relevant than those of other methods, especially in studies with a low number of replicates (Breitling et al., 2004) . We have employed RankProd for various meta-analyses, such as the study of the effect of a plant hormone using two datasets produced in two different laboratories (data used in Fig. 1 ; Vert, et.al., 2005) . Two laboratories treated plants with the same hormone but at different concentrations and time intervals (Fig. 1) . The analysis was able to identify many more genes by combining two datasets into one analysis than by analyzing each dataset individually (Package vignette). Moreover, the genes identified by the meta-analysis tend to have more overlap with genes identified in other studies, suggesting an increased reliability (See supplementary figure 1 ).
DISCUSSION
RankProd provides a simple, yet powerful meta-analysis tool for detecting differentially expressed genes between two experimental conditions. The approach overcomes the heterogeneity among multiple datasets and naturally combines them to achieve increased sensitivity and reliability. It is worth pointing out that it does not require the simultaneous normalization of multiple datasets, which solves a frequently encountered dilemma in microarray preprocessing step. Therefore, this new tool provides researchers a way to take advantage of the rapidly growing amount of publicly available array data. This can even be extended across species by using ortholog identification approaches. RankProd can also be applied to proteomic and metabolomic studies where ranked lists of changed proteins or metabolites are produced by 2D-gels or mass spectrometry. To further increase the versatility of our approach, we are currently constructing a web-based tool to perform rank product analyses.
In this supplementary figure, we demonstrate that meta-analysis with RankProd tends to have more overlap with genes identified in other studies. There are three datasets generated from two laboratories with #1 and #2 from the same lab. To avoid "lab effect", we selected data #3 as the reference data and perform meta-analysis and single analyses using data #1 and #2. Despite the fact that data #2 and reference data actually have more similar experimental setting (same platform), meta-analysis gives a higher proportion of agreement with the reference data than both the single analyses with data #1 and #2, respectively. Supplementary Fig 1: CAT plots (Irizarry, et. al., 2005) showing the proportion of agreement among studies compared with the reference data. Black: meta-analysis combining data #1 and #2. Red and green: single analyses using data #1 and #2, respectively. The identification results from all three analyses are compared with that from the reference data.
